Abstract-In this letter, we investigate the use of micro-Doppler signatures experimentally recorded by a multistatic radar system to perform recognition of people walking. Three different sets of features are tested, taking into account the impact on the overall classification performance of parameters, such as aspect angle, types of classifier, different values of signal-to-noise ratio, and different ways of exploiting multistatic information. High classification accuracy of above 98% is reported for the most favorable aspect angle, and the benefit of using multistatic data at less favorable angles is discussed.
where at least one node can illuminate the target at a favorable aspect angle.
Little work is available in the literature on the use of microDoppler signatures to identify and recognize different people performing the same activity. This task is expected to be more challenging and, therefore, requires more robust features than classifying between different activities, as the possible targets, i.e., different human subjects, will not be too dissimilar from one another and generate similar signatures. In [11] , Ricci and Balleri proposed features based on the Cadence Velocity Diagram to discriminate between four subjects running and walking with data extracted from a CW X-band radar. The subjects were moving on a treadmill in indoor controlled tests, and classification accuracy above 90% was reported with these data. In our work in [12] , we showed preliminary results of using a feature extracted from singular value decomposition (SVD) to identify different people walking on a trajectory perpendicular to the baseline. The feature is extracted from the whole matrices derived from SVD rather than from individual singular vectors.
In this letter, the classification performance of this SVDbased feature and of novel features based on the centroid of the micro-Doppler signatures is investigated and compared as a function of different operational parameters using experimental multistatic data. Three different aspect angles are considered, and six types of classifiers with different complexity levels are used to perform classification. The analysis of the influence of aspect angles and multistatic data fusion on the classification performance was shown in [9] for the problem of discriminating unarmed versus potentially armed personnel. However, the problem studied in this letter is the classification between different individuals walking, i.e., the potential use of micro-Doppler signatures as individual markers for personnel recognition. The robustness of the centroid and SVD features as a function of the signal-to-noise ratio (SNR) is also investigated for the aforementioned personnel recognition problem, as well as the computational efficiency and memory consumption of the different classifier and feature combinations.
The rest of this letter is organized as follows. Section II presents the radar and the experimental setup. Section III describes the different features and the investigation of their classification performance. Section IV concludes this letter.
II. RADAR SYSTEM AND EXPERIMENTAL SETUP
The data processed in this letter were collected using the multistatic radar system NetRAD, which was developed at University College London in the past few years and used for previous human micro-Doppler measurements [6] , [9] . NetRAD is a coherent pulsed radar with three separate but identical nodes operating at 2.4 GHz (S-band). The RF parameters used for the data collection were linear up-chirp modulation with 0.6-μs duration and 45-MHz bandwidth, 5-kHz pulse repetition frequency (PRF) to ensure that the whole human microDoppler signature was contained in the unambiguous Doppler region, and 5-s duration of each data set to record multiple periods of the average human walking gait. The transmitted power was approximately 200 mW. Vertically polarized antennas with 24-dBi gain and approximately 10
• × 10 • degrees of beamwidth were used. The experiment took place in an open field at the UCL Sports Ground in December 2014, and the experimental setup is shown in Fig. 1 . The three nodes were deployed along a linear baseline with 40-m internode separation, and the target was located 70 m from the baseline. Node 3 was used as a monostatic transceiver, whereas Nodes 1 and 2 were used as bistatic receiver-only nodes. Therefore, the resulting bistatic angles were 30
• and 60
• for Nodes 1 and 2, respectively. As in Fig. 1 , separate recordings with the target walking toward one of the nodes were collected, generating data with three different aspect angles with respect to the lineof-sight of the transceiver node, namely, 0
• (angle 1), 30
• (angle 2), and 60 • (angle 3). Three different subjects took part in the experiment. The key body parameters were 1.70 m and 69 kg for an average-body type of subject 1, 1.77 m and 65 kg for a slim-body type of subject 2, and 1.87 m and 90 kg for an average-body type of subject 3. All the subjects were male. The total number of recordings was 135, assuming three subjects, three nodes, five repetitions of the movement, and three aspect angles. The repetitions of the movements for several times for the different subjects are expected to include the small variations in the way people move when walking in a natural manner, so that these variations are statistically taken into account in the classification approach presented in the following section.
III. DATA ANALYSIS
The micro-Doppler signatures were extracted from the data using a short-time Fourier transform (STFT) calculated with a 0.3-s Hamming window and a 95% overlap. An example of monostatic micro-Doppler signatures for the three subjects walking toward the transmitter node is shown in Fig. 2 . Differences between the signatures of different subjects can be seen, particularly in the positive/negative peaks due to the movement of the limbs and in the shape and consistency of the main component due to body swaying. These differences are related to the combination of different walking styles and different physical characteristics, both specific to each individual and, hence, expected to be suitable for personnel recognition.
Numerical features to quantify these differences and use them in automatic classifiers are explored in the rest of this section. Prior to feature extraction, each spectrogram was divided into 1-s-long blocks to generate 675 blocks, i.e., five times the total number of recorded data sets. Many parameters can have an impact on the overall classification performance of a multistatic radar system [13] . The analysis in the rest of this section focuses on some of them, namely, the different features (either based on SVD or on the centroid of the micro-Doppler feature), the aspect angle, the classifier types, the different approaches in combining multistatic information, and the SNR. Other parameters are kept constant during this analysis, namely, the operating frequency of the radar (S-band, 2.4 GHz), the PRF (5 kHz), the dwell time to extract feature samples (1 s), the size of the sample database, and the percentage used to train the classifier (675 samples per feature, 20% training).
A. Feature Extraction and Classification
SVD was applied to the micro-Doppler signatures to extract the first two considered features. Given the matrix M of the micro-Doppler signature, the SVD decomposition is given by M = USV T , where U and V are the matrices containing the left and right singular vectors, respectively, and S is the diagonal matrix with the singular values of M. The first feature is given by the standard deviation of the first right singular vectors from V. This feature was used to successfully classify unarmed versus armed personnel in [14] . Features extracted from few singular vectors have been also reported for the classification of different types of microdrones [15] .
The second feature considers the whole matrices U and V rather than individual singular vectors. It has been shown that the sum of the intensity of the elements of U can be an effective feature for personnel recognition [12] . Fig. 3(a) shows feature samples for the three different subjects. There seems to be a correlation between the extension of the spectrograms of each subject, which is, in turn, related to the specific walking gait of each individual, and these SVD-based feature samples. Subject 3 has the largest spectrogram in terms of Doppler bins and spectrogram intensity [as in Fig. 2(c) ] as well as the highest values of these feature samples. The opposite situation seems to happen for subject 2 [smallest values of feature samples and most confined spectrogram as in Fig. 2(b) ], whereas an intermediate situation can be seen for subject 1.
The third set of features is extracted from the centroid and the Doppler bandwidth of the micro-Doppler signatures as in (1) and (2), respectively, where f C is the Doppler centroid, B C is the bandwidth, and S(i, j) are the spectrograms at the ith Doppler bin and the jth time bin. The centroid is an estimate of the center of gravity of the signature, and the bandwidth estimates the intensity of the signature around it. The mean and the standard deviation of the centroid and the bandwidth are used as features. These four features are used together as input to the classifiers. An example of plots with samples of three of these four features is shown in Fig. 3(b) . Thus
The different types of classifiers used in this letter are diagonal-linear discriminant analysis (DLDA), diagonalquadratic discriminant analysis (DQDA), naïve Bayes with kernel function estimators (NB), nearest neighbors with three samples (NN3) and five samples (NN5), and classification tree (CT). These are described in more detail in [16] . These classifiers were trained with 20% of the available feature samples, and the remaining samples used to test the performance and determine the error as the total number of misclassification events over the total number of samples. The consistency of the performance was evaluated with 100 tests for each classifier using random sample selections for training. The average classification error over these 100 repetitions was calculated, and here, the percentage accuracy is reported as 100% minus such error.
The classification accuracy using the three aforementioned features is reported in Tables I-III, respectively. Three different approaches to use multistatic data are compared with the conventional use of only monostatic data. In the first approach, feature samples from all radar nodes are used at a single classifier generating the final decision. In the second approach, separate classifiers use feature samples of each radar node generating partial decisions, which are then combined through a binary voting procedure, i.e., the final decision has to be voted by two of the three nodes. The last approach considers the level of confidence of each partial decision with a threshold. The confidence is calculated as the posterior probability that a feature sample used to test the classifier belongs to a certain [16] . When two nodes agree on a partial decision with confidence higher than the threshold, they generate the final decision. However, if one of the two has lower confidence and, at the same time, the third node has higher confidence than the other two nodes, then the final decision is generated by the third node. This approach aims at preventing that two nodes with low confidence may lead to a misclassification event. The threshold was set at 65%, the value providing the best classification after tests with values between 55% and 75% with the available data. In both the second and third approaches, the final decision is generated by the node with the highest confidence if there is no partial decision reached by at least two nodes.
Tables I-III present the classification results for the three aforementioned features. The first feature related to an individual singular vector appears to be not suitable for this task of personnel recognition, as the accuracy is below 70%. On the contrary, both the features based on the whole SVD matrix and centroid provide good classification results, with accuracy above 98%-99% for the former when voting with the threshold approach is used to combine multistatic data. Chosen the type of features, the performance appears to be quite regular for different types of classifiers. It is shown that with the proposed features, the separate classification approach yields better results than using a centralized classifier for all multistatic data. This was already observed in previous works [9] , [12] , [14] .
B. Effect of Aspect Angle and SNR
Table IV presents the classification results for the different aspect angles and classifiers considered in this letter when multistatic data are combined with voting with the threshold approach. Only centroid features and features based on the whole SVD matrix are considered. Given the aspect angle, the classification accuracy appears to be quite consistent with different classifiers. SVD features provide better accuracy than centroid features, and this appears to be consistent for each aspect angle. The best classification results are obtained for aspect angle 2 (accuracy above 97% for SVD features), whereas the classification performance significantly degrades at aspect angle 3 for both types of features. This performance reduction is expected, as aspect angle 3 is equal to 60
• with respect to the monostatic line-of-sight, hence the least favorable angle among those considered.
The effect of the SNR is investigated in Tables V and VI for different classifiers, respectively, for centroid features and SVD features. Only results related to aspect angle 2 are reported in these tables. Voting with the threshold approach was used to combine multistatic data. The SNR of the signal prior to STFT calculation and feature extraction was varied by adding a certain amount of noise to obtain an SNR between −10 and 10 dB in steps of 5 dB. As expected, an increasing trend of accuracy with increasing SNR is reported for both types of features. The SVD-based features appear to provide better classification results than the centroid-based features, with average accuracy above 93% even with an SNR equal to 0 dB. In Fig. 4 , the classification accuracy as a function of SNR for different aspect angles is shown, for both centroid-and SVD-based features. The expected increase in accuracy with increasing SNR can be seen, as well as the higher accuracy at the most favorable aspect angles 2 and 1. Results for aspect angle 1 appear to be generally worse than those for angle 2. This could be related to the overall combination of bistatic angle and aspect angle that affects the data at each radar node. In the former case, the aspect angles are 30
• , 60
• , and 0
• with respect to Nodes 1, 2, and 3, whereas in the latter case, the aspect angles are 0
• , 30
• , and again 30
• with respect to Nodes 1, 2, and 3. The overall aspect angle configuration appears to be more favorable at angle 2 than at angle 1. Similar trends were observed for a different classification problem (unarmed versus potentially armed personnel) in [9] . 
C. Computational Efficiency
The computational efficiency of the different combinations of classifiers and features was also investigated in terms of processing time and memory occupations. The classifiers were implemented in MATLAB and tested on the same desktop computer in the same conditions. The results are summarized in Table VII , assuming calculations only for aspect angle 1. The nearest neighbor and the CT appear to be the fastest classifiers (approximately 4 s), followed by the discriminant analysis in linear (approximately 6.6 s) and quadratic forms (approximately 8.6 s). It is interesting to notice the significant difference in processing time for the naïve Bayes classifier using different features. This may be related to the fact that for the centroid case, there are four features to be used jointly, whereas for the SVD case, only one feature is to be used. The memory usage appears to be uniform with different classifiers, slightly higher for SVD features in comparison with centroid features.
IV. CONCLUSION
This letter has discussed the use of human micro-Doppler signatures as collected by a multistatic radar system for personnel recognition. Three different sets of features were tested on experimental data, namely, features based on individual SVD vectors, on the whole matrices deriving from SVD decomposition, and on the centroid of the micro-Doppler signatures, with the last two providing the best classification results. The impact of different parameters on the classification performance was investigated, namely, three different aspect angles, six types of classifier, different values of SNR, and different approaches in combining multistatic data.
A single feature based on the whole matrix U derived from SVD appears to provide the best accuracy, which is above 98% for the most favorable aspect angle but with degradation down to approximately 75% for less favorable angles. The different types of classifier do not appear to have a very significant impact on the performance compared with other parameters such as aspect angles, SNR, and types of features.
Future work will investigate different deployment geometries of the multistatic radar nodes to optimize the classification performance and reduce this adverse effect of aspect angles. Additional data will also be collected from different subjects and for different activities to test the robustness of the proposed features for personnel recognition.
